Abstract: In this study we estimate urban traffi c fl ow using GPS-enabled taxi trajectory data in Qingdao, China, and examine the capability of the betweenness centrality of the street network to predict traffi c fl ow. The results show that betweenness centrality is not a good predictor variable for urban traffi c fl ow, which has, theoretically, been pointed out in existing literature. With a critique of the betweenness centrality as a predictor, we further analyze the characteristics of betweenness centrality and point out the 'gap' between this centrality measure and actual fl ow. Rather than considering only the topological properties of a street network, we take into account two aspects, the spatial heterogeneity of human activities and the distance-decay law, to explain the observed traffi c-fl ow distribution. The spatial distribution of human activities is estimated using mobile phone Erlang values, and the power law distance decay is adopted. We run Monte Carlo simulations to generate trips and predict traffi c-fl ow distributions, and use a weighted correlation coeffi cient to measure the goodness of fi t between the observed and the simulated data. The correlation coeffi cient achieves the maximum (0.623) when the exponent equals 2.0, indicating that the proposed model, which incorporates geographical constraints and human mobility patterns, can interpret urban traffi c fl ow well.
Introduction
With the rapid development of information and communication technology (ICT), the availability of large amounts of GPS (Global Positioning System) data and mobile phone data over time and space has increased the capability for monitoring, visualizing, analyzing, and modeling urban dynamics (Ahas et al, 2010; Kang et al, 2012; Li et al, 2011) . The GPSenabled taxi trajectory data is one type of fl oating car data (FCD), which make it possible to obtain real-time traffi c statuses; therefore, quantitative analysis and modeling of traffi c fl ow has become a hot topic in both transportation research and geographical information science (Bar-Gera, 2007; de Fabritiis et al, 2008; Herrera et al, 2010; Jiang, 2009; Kerner et al, 2005; Kobayashi et al, 1999; Lorkowski et al, 2005; Rose, 2006) . At the same time, since the movements of vehicles are under the restraint of the street network, much research has made great efforts in investigating the characteristics of street networks in order to understand traffi c fl ow patterns. Traditionally, centrality measures have been instrumental in describing essential properties of networks, where the centrality determines the relative importance of a vertex within the graph (Bonacich, 1987; Freeman, 1977; Freeman et al, 1991; Newman, 2005) . These measures originate from structural sociology and have also been applied widely in studying complex networks, urban structures, and transportation (Borgatti, 2005; Crucitti et al, 2006a; Holme, 2003; Porta et al, 2006a; . From the view of the 'space syntax' community, the confi guration of a city's street network plays an important role in movement and vehicular fl ow (Hillier et al, 1993; Penn et al, 1998) . The structural and morphological properties of a street network, represented in topological or geographic metric measurements, are considered to be the key factors that shape dynamic urban traffi c fl ow (Hillier et al, 1993; Jiang and Claramunt, 2004; Jiang and Liu, 2009; Jiang et al, 2008; Kazerani and Winter, 2009a; 2009b; Turner, 2007) . However, there is a wide spectrum of opinion on the use of street centrality measures to predict urban traffi c fl ow. For instance, Hillier et al (1993) argued that integration (a topological step-distance measure similar to normalized closeness centrality) for the axial representation of a street network exhibits a higher potential for predicting human movement than the connectivity measure. Turner (2007) , nevertheless, challenged this point by demonstrating that betweenness centrality, computing what percentage of shortest paths of all vertex pairs in a network pass through a particular node, in a new angular segment analysis based on street center line is a better index. Jiang and Liu (2009) further found that the street-based topological representation can predict vehicle fl ow better than conventional axial lines. They obtained high predictability for streets taken from small sample areas of the entire map. However, the global measures are still not ideal. In most existing research, street segments are merged according to names or continuity (Jiang and Liu, 2009 ). This representation may neglect the spatially inconsistent context of different street segments. For instance, a very long street with many intersections would take various traffi c-fl ow volumes in different parts, even though they share the same name or have good continuity. Instead, we suggest that the urban street network as a geographic network should be constructed naturally from intersections, which are more easily perceived and correlate well with geographical factors such as human activities and land use intensity Porta et al, 2009; Wang et al, 2010) . Kazerani and Winter (2009a) later argued that betweenness centrality is not a suitable measure for predicting traffi c fl ow in static urban street networks because it neglects the dynamics of travel behavior, and thus they proposed a modifi ed measure but unfortunately there is a lack of real dataset support (Kazerani and Winter, 2009b) .
Urban traffi c fl ow can be seen as individual trips aggregately distributed in street networks. Each trip is generated from an origin and destination (OD) pair or multiple destinations (not available in the behavior of taking a taxi) with a network path connecting them. Generally, urban planners and transportation engineers rely on household questionnaires or transportation surveys on job-housing places for traffi c-demand forecasting (McFadden, 1974) . Recently, sensor-based OD estimation methods have been well developed (Calabrese et al, 2011) . There is much literature about the importance of urban structures and human behavior in shaping urban transportation demand (Black, 2003; Chen et al, 2009; Couclelis, 1986; Goodchild and Janelle, 1984; Goodchild et al, 1993; Ratti et al, 2006; Sevtsuk and Ratti, 2010; Wang, 2001) . According to some studies, geographical constraints in urban space really matter in predicting that individuals' motion and the trip lengths follow a power law, or a truncated power law, which indicates the distance decay (Brockmann et al, 2006; González et al, 2008; Song et al, 2010) . Therefore, the framework to explain the observed traffi c fl ow should bridge the gap between static street-network centrality and dynamic traffi c demands derived from human activities in real urban space.
In this research we investigate the spatial distribution of urban traffi c fl ow based on taxi trajectories in Qingdao, China and compute the correlation between urban traffi c fl ow and street betweenness centrality. The results confi rm that purely betweenness centrality is not an ideal measure for predicting urban traffi c fl ow. We analyze the characteristics of betweenness and point out the 'gap' between betweenness centrality and actual fl ow. The gap is fi lled in steps, by a framework taking into account the spatial heterogeneity of human activities, which is measured by the Erlang values of mobile phone calls, and the distance-decay law.
The correlation between simulated and real traffi c fl ow shows that both aspects play important roles in urban traffi c fl ow, thus validating the proposed method. This paper is organized as follows. The second section introduces the study area and the datasets used in this research, and we investigate the spatial and statistical characteristics of traffi c fl ow in this urban area. In the third section, the correlation between traffi c patterns and betweenness centrality of the street networks is computed, and the gap behind the low correlation coeffi cient is thoroughly analyzed. In the fourth section we introduce the spatial heterogeneity of human activities and the distance-decay law to model actual traffi c fl ow generation using Monte Carlo simulations. The proposed method can be viewed as an extension of existing betweenness measures but with a higher capability to predict urban traffi c fl ow. In the fi fth section, we discuss further the weakness of betweenness and identify several features for improving urban traffi c-fl ow prediction. The fi nal section contains our conclusion.
Characteristics of Qingdao traffi c fl ow

Study area and data description
Qingdao, a picturesque coastal city enclosing Jiaozhou Bay on the southern tip of Shandong Province in China, is selected as the study area. We focus on its major urban area on the eastern coast of Jiaozhou Bay (fi gure 1). The core urban area with the densest commercial and human activity is located in the southern part of this study area.
Qingdao is a big city without a subway system. Thus, buses and taxis play an important role in its urban transportation system. Many taxi companies have equipped their taxis with GPS receivers so that they can monitor the operation of each taxi. GPS data records include device identifi cation (ID), date, time, longitude, latitude, velocity, and driving direction (table 1), and such records are collected automatically in approximately 10 s during the day and 300 s at night. The large volumes of taxi trajectory data are valuable for departments of urban management in obtaining real-time traffi c statuses and in improving transportation planning and management. In this research we employ a one-week-long dataset of 149 taxis, containing 1261 475 taxi records, for calculating the real traffi c volumes in Qingdao.
The street network of Qingdao is also used for map matching of the trajectory data. For a street network, we can adopt primal or dual representations (Jiang and Claramunt, 2002; 2004; Porta et al, 2006a; . In the primal representation (table 2), as a geographic metric each street intersection is transformed into a node, while a street segment is represented by an edge, where the length of the segment can be measured as the edge weight. In the dual representation, each street segment is transformed into a node, while a street intersection, which may connect two or more street segments, establishes links between nodes with topological path steps as distance. After editing, the resulting street network contains 3179 nodes and 5095 edges for the primal approach, and 5095 nodes and 12 293 edges for the dual approach. Note that we keep the natural spatial structures without merging street segments into named streets (Jiang and Liu, 2009 ).
Spatial and statistical distributions of Qingdao traffi c fl ow
In this study we adopt the line-density method (Jiang, 2009; Scheepens and Willems, 2011) to compute real traffi c-fl ow volumes according to the GPS-enabled taxi trajectory data over the seven days. The line-density method calculates the density of taxi trajectory lines by connecting temporally neighboring GPS points into a continuous line. We use F C for the estimated traffi c fl ow and the spatial distribution of F C is depicted in fi gure 2. It can be recognized that the southern part of Qingdao plays a more signifi cant role with higher traffi c volumes, especially on several east-west streets (in red) on the map, while a few north-south streets (in yellow) are essential for connecting the urban center to the airport in the northern part of the city (see fi gure 1). Additionally, the main streets (eg, expressways and avenues) account for more traffi c fl ow than the secondary streets (eg, alleys), indicating that both urban space and street network have a hierarchical structure, which would impact on residents' movements and drivers' pathfi nding behaviors. In previous studies, urban street networks, represented as named streets and defl ectionangle threshold-based natural streets, are considered to be hierarchically selforganized Jiang, 2009) . We also examine quantitatively the statistical properties of the observed traffi c fl ow based on the intersection-segment representation of the street network and confi rm that most streets in Qingdao have a low volume of traffi c while streets with a high traffi c volume make up only a small proportion of all streets. More specifi cally, we fi nd that the top 20% of streets (see fi gure 3) account for approximately 55% of the traffi c volume (and the top 40% of streets account for 80% of the traffi c volume) in the cumulative distribution of observed taxi traffi c fl ow.
Correlation and gap between traffi c fl ow and street betweenness centrality
Correlation between traffi c fl ow and betweenness
Among the collection of centrality measures, betweenness centrality represents the global importance of a node in connecting others together by through-movement, also called global choice. For a given node i in a network containing N vertices, the betweenness centrality is defi ned as:
where n jk denotes the total number of shortest paths between nodes j and k, and n jk (i) is the number of shortest paths between j and k passing node i. Generally, C B i represents the load on a given node i in the network. There is much literature on the relationship between betweenness centrality and observed traffi c fl ow (Jiang and Liu, 2009; Kazerani and Winter, 2009a; 2009b; Turner, 2007) .
In this study, we try to correlate the observed fl ow with both the primal representation ) and the dual representation of street networks (Jiang and Claramunt, 2004; Porta et al, 2006b ). For the primal representation, the betweenness measures (C P B ) are calculated using geometric distances for the shortest path, and the betweenness of a street segment is the mean of the values for the two end nodes [fi gure 4(a)]. Meanwhile, we use the topological distances to directly compute the betweenness for each street in The street betweenness centrality of Qingdao is shown in Figure 4 , which highlights the north-south directional streets that connect the city center in the south with a major satellite town, Chengyang, in the north (cf fi gure 1), where the airport is located. The through movement is well represented by betweenness centrality. Unfortunately, when computing the correlation coeffi cients with the observed traffi c fl ow, betweenness centrality is not satisfactory.
Considering that the street lengths vary in urban space, we adopt a weighted correlation coeffi cient (WCC) to measure the goodness of fi t between the observed traffi c and betweenness. The WCC measure is defi ned as:
where F is the observed traffi c fl ow, C B is betweenness and cov w is the weighted covariance defi ned as: 
In this research we represent the length of the ith street segment as w i , because a segment with a longer length should contribute more to the total correlation than a shorter one does, despite the fact that they may have the same traffi c volume. The correlation coeffi cients between F C and CP B and between F C and CD B are 0.416 and 0.186, respectively. The correlations are both signifi cant at the 0.01 level (two-tailed). This is consistent with the fi nding by Jiang and Liu (2009) that the global measure of dual representation is poor. However, they did not fi gure out why the weakness exists; instead their further work was restricted to some small sample areas and obtained a higher correlation value. The question of how to better explain the traffi c-fl ow distribution of the entire urban space is still not explicitly stated. When comparing the spatial distributions of real traffi c fl ow with betweenness (fi gures 2 and 4), we fi nd that it was not suitable to adopt purely betweenness as a measure to predict traffi c fl ow. The spatial patterns are quite distinct. The real fl ow stresses the southern part of the city, the core urban area of Qingdao, while betweenness highlights the north-south streets linking the two major parts of Qingdao but fails to identify the core urban area with high traffi c volumes. Moreover, betweenness centrality is not a stable indicator since it varies hugely with the change in shape and range of the study area (Kazerani and Winter, 2009a) . For these reasons we introduce Monte Carlo simulations to fi nd the gap between traffi c fl ow and betweenness centrality and to understand traffi c fl ow based on a framework with geographical background constraints.
The gap between traffi c fl ow and betweenness centrality
The unsatisfactory correlation analysis of betweenness as a predictor for traffi c fl ow is not surprising. It gives us cause to refl ect on the gap between traffi c fl ow and betweenness and rethink about this measure in depth. As shown in fi gure 5(a), the street network includes six nodes (n 1 ,…, n 6 ) and seven segments (e 1 ,…, e 7 ). Table 3 lists different betweenness measures for the synthetic network. We can imagine a number of trips with particular OD points distributed in the network. According to equation (1), two conditions should be met if, in reality, the observed fl ow is to be positively correlated with betweenness: (1) the distribution of OD points is identical to that of network nodes; and (2) the access probabilities from one node to all other nodes are equal, such that all shortest paths are traversed the same number of times. As such, two reasons may explain the gap between observed traffi c fl ow and betweenness centrality. The fi rst consideration is the spatial distribution of the OD points. When calculating betweenness, start and end points are network nodes in primal representation. For a street network, OD points are associated with streets instead of nodes. Hence, much research focuses on the dual representation to interpret the observed traffi c fl ow [fi gures 5(b) and 5(c)] (Jiang and Liu, 2009; Kazerani and Winter, 2009a) . According to dual representation, all street segments (or natural streets) are viewed as identical units. However, this is not the case in trip generation. As shown in fi gure 5(d), the shortest paths from different points on the same street to the same destination are different (see S 1 to n 1 , and S 2 to n 2 ), indicating that a street segment is not an appropriate analysis unit for predicting traffi c fl ow. Additionally, it is natural that streets with different lengths have various trip demands and longer streets are generally associated with more trip demands. We may further extend the consideration on tripdemand distribution to construct a model more akin to real trip generation. Considering that 
OD points are distributed in areas instead of along lines, a Voronoi polygon for each street segment can be obtained so that an origin (or a destination) inside a polygon should be captured by its nearest street segment [fi gure 5(e)]. If the OD points are uniformly distributed in the study area, the travel demand of a segment will be positively proportional to the corresponding polygon area. Additionally, the potential OD distribution is not uniform and is positively proportional to the distribution of activity density, which is infl uenced by many factors such as land uses (McFadden, 1974; Wang et al, 2010) . Thus, we can introduce a spatial variable for the geographic heterogeneity of potential OD points, and the weighted areas can be used to simulate travel demands [fi gure 5(f)]. Hence, fi gure 5(f) depicts a model akin to real trip generation. Following fi gure 5(f), we can randomly generate a number of OD pairs to simulate traffi c fl ow. The betweenness centrality implies that the shortest paths of all OD pairs are traversed equally. Due to the distance-decay effect, however, the number of long-distance trips should be less than that of short-distance trips. Hence, the second aspect that we incorporated into trip simulations is the distance-decay law (see section 4.3 for details).
Monte Carlo simulations of traffi c fl ow
Applying uniform OD distribution
To understand the observed distribution of traffi c fl ow, we use Monte Carlo simulations to reproduce the traffi c fl ows of all streets. In each simulation we generate a large number (136 778 in this study) of OD pairs following a particular distribution. For each OD pair, the two points are associated with the nearest street segments such that the shortest path can be found. Finally, we add together the total number of shortest paths on all segments and acquire the simulated traffi c fl ows.
First, we assume that the OD points are uniformly distributed in the study area [fi gure 6(a)]. The simulated traffi c fl ow F 1 , shown in fi gure 6(b), cannot represent totally the observed traffi c fl ow, with a negative WCC of −0.031 (table 4) e 7 (n 3 -n 6 ) 5.00 0.00 0.00 a Calculated using l 1 and l 4 in fi gure 5(c). Table 4 . Weighted correlation analysis between estimated fl ow and real fl ow. 
Using mobile phone Erlang values to simulate OD distribution
It is natural that the uniform OD distribution cannot reproduce the actual traffi c fl ow, because human activities in the study area are heterogeneous. Hence, we should fi nd an appropriate measure for representing the spatial distribution of human activities. With the development of ICT, mobile phone data (1) have been used widely to understand human mobility and urban dynamics in various cities (Ahas et al, 2010; González et al, 2008; Ratti et al, 2006; Rose, 2006; Sevtsuk and Ratti, 2010; Song et al, 2010) . Following the method proposed by Calabrese et al (2011) , the mobile phone Erlang value, a measure of mobile phone call traffi c, is selected as the indicator for human activity distribution to generate OD points in this research.
When a mobile phone call is made, the mobile phone is linked to the nearest base station, which has specifi c geographic coordinates. The base station also records the duration of each call that it routes, so that the call traffi c within a period (eg, one week) can be computed. In the telecommunication industry, one Erlang is the total call-traffi c volume of a base station for one hour.
We introduce the Erlang value records for all stations in Qingdao to simulate the humanactivity distribution. The advantage of Erlang data is the varied geographic scale that can depict the relationship between human activities and land uses. The dataset was collected
(1) Generally, there are two types of mobile phone data available from the telecommunication operators. One is phone call record details and the other is mobile phone traffi c at each base station, which is used in this research. over the same period as the taxi dataset. Table 5 lists two sample records including Erlang values and locations, and fi gure 7(a) depicts the distribution of all base stations, with symbols representing the associated Erlang values. In fi gure 7(a), we use a Voronoi polygon (cell) for the region where mobile calls are routed by a base tower. With the assumption that the statistics of individuals' phone call activities in different cells are generally similar, the Erlang values of aggregated call volumes provide a relatively good approximation of the distribution of human-activity intensity, with which the travel demands are correlated positively. We follow the data processing method of Sevtsuk and Ratti (2010) to perform pretreatment. It is rational to assume that the origins and destinations have similar spatial distributions in a relatively long time interval (for example, one week, as in our study) and a particular area, according to the anchor point theory (Huang et al, 2010) . Hence, we adopt the Erlang values of all towers in the study area to control the generation of both origin and destination points. The Erlang-constrained OD distribution is shown in fi gure 7(b). (table 4) with respect to the observed traffi c volumes.
Considering distance decay
The simulated traffi c fl ow that considers the distribution of human activity is better than that which uses uniform OD distribution. However, the spatial patterns of simulated and real traffi c volumes are different. Figure 7 (c) overestimates the traffi c fl ows of several long northsouth streets but underestimates the fl ows in the core urban area. We use fi gure 8 to clarify the differences. The study area contains two major urban areas, A and B, with high population and street densities. Hence, the travel demands in both areas are high. According to the above model, from a given origin O, the probabilities that D 1 and D 2 serve as destinations are close. However, the traffi c volume between D 1 and O should be greater than that between D 2 and O due to the distance-decay effect. This leads to an overestimation for the street L linking areas A and B if we do not take into account the distance-decay effect. The distance-decay effect has been widely identifi ed in many geographic phenomena. Tobler's fi rst law of geography makes an informal expression of this effect (Tobler, 1970) . In many applications, distance decay is defi ned mathematically as:
where I denotes the spatial interaction (the fl ow or the intensity), d is the distance between two localities, and β is a decay coeffi cient (Taylor, 1971) . In the fi eld of transportation, distance decay contributes to the decision to migrate, causing more short distance travels than long distance ones. Note that a number of functions, including power functions and exponential functions, are available for representing the distance-decay effect (Wang, 2012) . Among them, the power-decay function is widely applied since it is independent of the scale of d. Hence, the estimation of β is crucial and can be used to compare different spatial behaviors and spatial structures (Fotheringham, 1981; Skov-Petersen, 2001 ). For example, Hansen (1959) listed a number of decay parameters, varying from 0.9 to 2.0, for different types of intraurban interaction. Recently, the widespread application of location-aware devices such as the mobile phone enables us to investigate human mobility based on large volumes of individuals' trajectories. For example, the exponent is about 1.75 according to González et al (2008) , and Kang et al (2012) found that the exponents of eight cities in China vary between 1.3 and 1.8.
In this research, we use equation (6) to incorporate the power-law distance decay. That is, the probability that a trip between two known points O and D follows a power-law distribution. One assumption for the simulation is that the length of each trip is longer than 1 km since very short trips usually are not made by taxi but by walking.
In the Monte Carlo simulation, we fi rst create two candidate points for a trip following the constraint of Erlang values and then use the acceptance-rejection method to determine whether to accept the trip according to the distance threshold (1 km) and equation (6), where dist(O, D) is the Euclidean distance between these two points. Obviously, the number of long-distance travels will be decreased when the distance-decay effect is considered. We try different β values between 1.0 and 3.0 to search for a best simulation F 3 and fi nd that the WCC achieves a maximum of 0.623 (table 4) when β = 2.0. The corresponding traffi c-fl ow distribution is depicted in fi gure 9. In addition to the high WCC value, the spatial patterns of observed and simulated traffi c volumes are rather similar. For example, the simulated result highlights the importance of streets in the southern part of the study area. This indicates that the proposed method reproduces the observed traffi c fl ow well and the power-law distance decay with an exponent of 2.0 can be used to simulate the urban-scale transportation of Qingdao. Although the exponent is estimated using the data collected in Qingdao, it is close to the values reported in other research, such as that by González et al (2008) and Kang et al (2012) , suggesting that we can use such an exponent value to model intraurban motion.
Discussion
Correlation between simulated fl ow and street betweenness centrality
We compute the correlation coeffi cients between the betweenness centrality (C P B , CD B ) and the simulated traffi c fl ows in the three models (table 6). In the primal approach, betweenness centrality was found to correlate highly with the simulated traffi c fl ow in the second scenario (F 2 ) that considers human-activity distribution (WCC = 0.769) but less so with the simulation that incorporated distance decay (F 3 , WCC = 0.468). In the dual approach, the circumstances are similar. However, F 3 estimates the actual traffi c fl ow better than F 2 . If betweenness is a good indicator for the observed traffi c fl ow, then CP B or CD B would be expected to have a higher correlation with F 3 . Table 6 confi rms the gap between the actual traffi c fl ow and betweenness. It is interesting that F 2 has a relatively high WCC with CP B . When comparing fi gures 1 and fi gure 7(b), we can see that the distribution of street intersections and mobile Table 6 . Weighted correlation analysis between simulated traffi c fl ow in the three models and betweenness centrality. phone Erlang values are rather similar, as areas with dense human activity generally have higher street density. The second simulation, which corresponds to using street intersections to generate OD points, leads to a high WCC with CP B . Following the above comparison, the conclusion that betweenness centrality is not a good predictor variable for urban traffi c fl ow can be verifi ed by the decreased WCC from F 2 to F 3 , since F 3 estimates the actual traffi c fl ow better than F 2 . The contradiction arises from the fact that betweenness does not take into account the distance-decay effect, given that the urban streets and human activities have similar spatial distributions. Due to distance decay, the probability of long-distance travels is decreased, and this is another force that causes trips and human-activity distribution to be concentrated in the core urban areas. The conventional betweenness measure, as well as the second simulation, does not consider distance decay and thus underestimates the traffi c fl ow in the south part of Qingdao [see fi gures 2, 4, and 7(c)].
Further improvement of the current method
The simulation results demonstrate the impact of the heterogeneity of population activities and distance decay on urban traffi c generation. However, the resulting correlation coeffi cient is still not very satisfactory. If we inspect some local areas in detail, the simulation results are not ideal. This defi ciency may be attributed to the following three issues.
First, this research assumes that people have the same probability of choosing a taxi as their mode of travel in different places and over different time intervals, resulting in traffic flow estimated using taxi trajectories that comprise the same proportion of the whole traffi c volumes for all streets. This assumption is widely adopted in practice when monitoring traffi c statuses using FCD. However, biases obviously exist because the proportion of taxi trips varies for different streets.
Second, in terms of the generation of OD points, the application of mobile phone Erlang values is reasonable, that is, the travel demands and Erlang values in all mobile phone cells are positively correlated. However, biases do exist and these introduce errors to the simulation result.
Finally, the assumption that individuals rationally choose the geometrically shortest path is not necessarily the actual case (Gigerenzer, 2008; Kazerani and Winter, 2009a) . The reasons for this are twofold. First, street attributes (such as hierarchy and one-way direction constraints) have not yet been considered in the simulation because of the incompleteness of the dataset; thus, we treat all streets equally. However, this is not always the case, as the expressways in the city are, in general, the preferred routes. Second, even if we had enough street information it could not ensure a better simulation result, because drivers' wayfi nding behaviors are not always rational or because of the uncertainty of localities which are described by fuzzy named places and spatial relationships ). This work is actually based on the four-step model (McNally, 2000) and much research from another perspective has adopted the agent-based model, which introduces agents' cognition and behaviors recorded by location-aware devices, cyberspace, and traffi c diaries into the traffi c simulation and can be applied to address this issue (Adler et al, 2005; Couclelis, 1986; Dia, 2002) .
Conclusions
To explore the distribution of urban traffi c fl ow from the perspective of trip generation, in this study we applied the method of Monte Carlo simulations. It is noticeable that the weighted correlation coeffi cient between the simulated fl ow and real fl ow rises from -0.031 to 0.343 after the human-activity distribution was incorporated; furthermore, it rises to 0.623 when the distance-decay effect is considered. These results demonstrate that the last simulated result captures well those main streets with dense traffi c fl ow in the core urban area of Qingdao. It indicates that the Monte Carlo simulation effectively identifi es the two factors that contribute to urban traffi c fl ow: geographic heterogeneity of human-activity distribution and the law of distance decay. The former suggests the spatially varying travel demands, while the latter implies the common regularity of human travel behaviors. Meanwhile, we also point out some defi ciencies in the proposed simulation, and future work may focus on solving these. This research also confirms that using only betweenness centrality of the street network is unsuitable for predicting traffic flow. We clarify that it underestimates the traffic in the core urban area, as it does not take into account the distance-decay effect. In other words, the high traffic concentration in the core urban area can be attributed to two aspects: the dense human-activity distribution and the distance-decay effect. The betweenness measure can only represent the former aspect. Given that betweenness is an important measure in social-network studies, more attention should be paid to geographical characteristics in transportation research.
